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Genetic evaluation of sow survival in Thailand commercial farms using random 
regression models 
Abstract 
The aims of this study were 1) estimate heritability and variance components for sow survival traits using 
random regression model and 2) to identify the best model when conducting a sow survival genetic 
evaluation for Thailand commercial farms by comparing RRM with different covariance functions 
(Legendre polynomial and linear spline). A total of 11,595 and 11,336 sows from Landrace and Large 
White sows, respectively, were used to compare random regression models. The model using a second to 
third order Legendre polynomial for additive genetic effects and second to fourth order Legendre 
polynomial for permanent environmental effects (LG22, LG23, LG33 and LG34) and linear splines 3 to 4 
knots for additive genetic effects and permanent environmental effects (SPL33 and SPL44) were used for 
analyses of genetic parameters. Bayesian interference using Gibbs sampling was used to estimate all 
covariance components. The model that included Legendre polynomial functions LG22 provided the 
lowest the deviance information criterion (DIC), provide the best fit for both the Landrace and Large White 
datasets. The heritability estimates for sow survival obtained with LG22 (the best fit model) ranged from 
0.12 to 0.15 and 0.14 to 0.18 for Landrace and Large White sows, respectively. The genetic correlation 
among sow survival obtained with LG22 (the best fit model) ranged from 0.27 to 0.99, 0.43 to 0.99 for 
Landrace and Large White sows, respectively. Results from this study indicate that RRM could be used for 
genetic evaluation of sow survival. 
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 Random regression model could be used when conducting a genetic evaluation for sow survival. 
 The sow survival is genetically not the same trait during productive life. 
 Heritability for sow survival were low. 
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ABSTRACT 
The aims of this study were 1) estimate heritability and variance components for sow survival traits using random 
regression model and 2) to identify the best model when conducting a sow survival genetic evaluation for Thailand 
commercial farms by comparing RRM with different covariance functions (Legendre polynomial and linear spline). 
A total of 11,595 and 11,336 sows from Landrace and Large White sows, respectively, were used to compare 
random regression models. The model using a second to third order Legendre polynomial for additive genetic effects 
and second to fourth order Legendre polynomial for permanent environmental effects (LG22, LG23, LG33 and 
LG34) and linear splines 3 to 4 knots for additive genetic effects and permanent environmental effects (SPL33 and 
SPL44) were used for analyses of genetic parameters. Bayesian interference using Gibbs sampling was used to 
estimate all covariance components. The model that included Legendre polynomial functions LG22 provided the 
lowest the deviance information criterion (DIC), provide the best fit for both the Landrace and Large White datasets. 
The heritability estimates for sow survival obtained with LG22 (the best fit model) ranged from 0.12 to 0.15 and 
0.14 to 0.18 for Landrace and Large White sows, respectively. The genetic correlation among sow survival obtained 
with LG22 (the best fit model) ranged from 0.27 to 0.99, 0.43 to 0.99 for Landrace and Large White sows, 
respectively. Results from this study indicate that RRM could be used for genetic evaluation of sow survival. 
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Sow longevity is an important economic trait for commercial pork producers. Generally, farm profitability 
and animal welfare are improved when the number of females replaced that are reduced. Stalder et al. (2003) 
suggested that a sow should remain in the breeding herd for at least three parities to pay for itself. Functional 
longevity refers to survival that is independent of production such as litter size in pigs. Voluntary culling is based 
mostly on production (number born alive and number weaned). Various traits have been defined when evaluating 
survival in pigs. The traits used in survival analysis involve measuring the length of time between two events or 
length of productive life or removal parity or stayability until some defined parity that are defined as a binary trait 
(Serenius and Stalder, 2004; Engblom et al., 2009 and Nikkilä et al., 2013). In many cases, longevity information 
from a sow’s record is required when to make selection decisions earlier than realized longevity. However, only 
sows that have been culled records (voluntarily or involuntarily) are included when estimating breeding value 
prediction while the survival information from sows still alive is ignored and breeding value for boars will have 
inaccurate (only pedigree information for young boars) and biased (only culled sows are included) (Veerkamp et al., 
2001). This problem of censored data is one reason why there are many different measures of longevity for breeding 
value prediction (Dekkers and Jairath, 1994). 
In animal breeding, the repeatability model has become widely used in many pig breeding programs, 
because it is easy to implement, and involves relatively low computing costs. Moreover, the multiple-trait model 
could be adapted by treating different parities as different traits. Both repeatability and multiple-trait models have 
been adapted to analyze traits that can be observed more than once in a sow’s lifetime (Noguera et al., 2002). In the 
multiple trait  model, censored data are not included in the analysis or treated as missing data (Jamrozik et al., 2008) 
and needs high computational demand. The random regression model (RRM) can handle censored data and can 
incorporate time-dependent effects (Veerkamp et al., 2001) that can be used when conducting a genetic evaluation 
for sow survival traits. In swine, RRMs has mostly been used to analyze growth traits such as residual feed intake 
data (Huisman et al., 2002), as well as growth curve and litter size data (Luković et al., 2007). Considering the type 
and degree of regressions are important for RRM analyses (Misztal et al., 2000). Several covariance functions (CF) 
are used in animal breeding fields, such as Wilmink and Legendre polynomials (LG) in dairy cattle.  Moreover, 
linear spline (SPL) has been applied in RRM and were implemented for growth in beef and milk yield in dairy cattle 
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(Misztal, 2006). However, no reports in the scientific literature have demonstrated the application of RRM when 
conducting a sow survival genetic evaluation. 
The aims of this study were 1) estimate heritability and variance components for sow survival traits using 
random regression model and 2) to identify the best model when conducting a sow survival genetic evaluation for 
Thailand commercial farms by comparing RRM with different covariance functions (Legendre polynomial and 
linear spline). 
 
2. Material and methods 
2.1. Animals data 
The data used in this study were obtained from three farms located in the central and northeastern parts of 
Thailand. Data were collected from total 23,574 sows (11,959 Landrace (LR) sows and 11,615 Large White (LW) 
sows) during the period from 2006 to 2015 and extracted from the SowTracker® (Version 3.4.2) reproductive data 
management software. Data were edited to include records for the following sow productivity traits: age at the first 
farrowing, (range from 280-460 days), and weaning age, (range from 19-21 days). Only sows that had their first 
parity in the comprised periods were included in the study. After the editing process, the data set included 22,931 
sows (11,595 LR and 11,336 LW). Data and pedigree structure are presented in Table 1. 
The current data set included sows that were present in the herd since the first parity through eighth parity, 
and the records for sow survival were coded for each parity. If the sow survived to parity i+1, the sow was coded 1 
(alive), for parity i; and if the sow was culled in parity i, the sow was coded 0 (culling or dead), for parity i; as 
indicated in event 1, 2, and 3 (Figure 1). All voluntarily culled sows were allowed to produce seven survival 
observations. For sows with censored records, their number of observations was equal to their last parity before 
culling or death, as seen in event 4, Figure 1. Sow survival records after the 8th parity were discarded. Animal 
records removed prior to the first farrowing were not included in the data. 
 
2.2. Nutrition and Management 
A single herd size contained approximately 2,500 sows, which were housed in an evaporatively-cooled 
housing system (EVAP). Replacement gilts received a visual examination to determine their structural body 
conformation (feet, leg, and external genitalia) by experienced staff. The selection objective was designed to 
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improve economically important traits, including reproductive traits (number of pigs born alive), and growth traits 
[days to 104 kg (DAYS) and percent lean (PCL)], necessary for producing parent stock that are distributed to local 
farms in Thailand. The selection index is calculated based on the economic weights and EBVs for the traits (NBA, 
DAYS, and PCL). 
After selection, the gilts were housed in groups, roughly 15-20 pigs per pen (an allowance of approximately 
two meters2 floor space per pig), in pens with partially slatted floors. Estrus detection was performed twice daily at 
8.00 and 16.00, by experienced staff. Daily boar exposure was maintained to determine which gilts were in standing 
estrus. Gilts were inseminated at 35 weeks of age, or at their second estrus cycle. The gilts and sows were 
inseminated artificially, every 12 hours, totaling two or three times per estrus. Intrauterine (IUI) artificial 
insemination procedures were applied using semen from AI stations within the three farms. Only sows were 
inseminated using IUI. Gilts and sows were removed from the herd if they had three or more returns to estrus, 
locomotion (injury and lameness), or disease (vulvar discharges, respiratory, and prolapse). Gilts were moved from 
gestation units to farrowing units, approximately five to seven days before the expected farrowing date. Pigs were 
weaned at 19-21 days of lactation. 
Sows and gilts were fed according to their body condition score that was scored on a scale ranging from 1 
to 5, determined by visual appraisal (1 = emaciated, 2 = thin, 3 = ideal, 4 = fat and 5 = Obese). Through all stages of 
the reproductive cycle, gilts and sows were fed a pelleted diet that met their nutritional needs as per National 
Research Council (2012) requirements. The gilts were fed a restricted diet of 1.8-2.0 kg/day (14% crude proteins 
and 2950 kcal/kg ME). The feeding program was changed each week of gestation. Gilts and sows were fed 1.8-2.0 
kg feed/day at the first three weeks and 2.0-2.4 kg feed/day during fourth to twelfth weeks of gestation. Gilts and 
sows were then fed 3 kg feed/day, until three days before expected farrowing. Finally, the amount of feed was 
reduced to 2 kg feed/day. Lactating sows were fed 3-4, 5, and 6-7 kg feed/day during the first three weeks of 
lactation, respectively. The sows were removed from the herd based on old age (after the eighth parity), or 
conception failure after the second mating. Moreover, sows farrowing small litter sizes within two or more 
consecutive parities were culled. Sows without records were removed to a miscellaneous group. 
 
2.3. Covariance functions used in the analysis 
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The model using a second to third order Legendre polynomial for additive genetic effects and second to 
fourth order Legendre polynomial for permanent environmental effects (LG22, LG23, LG33 and LG34). The 
nomenclature of the model with Legendre polynomial follows the pattern ‘LGij’, where i and j are the specific 
numbers of random regression coefficients for direct additive genetic and permanent environmental effects, 
respectively. For example, for a LG23 is model with second and third order Legendre polynomial for additive 
genetic and permanent environmental effects, respectively. For spline functions, linear splines with 3 to 4 knots for 
additive genetic effects and permanent environmental effects (SPL33 and SPL44). In the SPL33 model, the 3 knots 
were located at 1st, 4th and 7th parity. The SPL44 model, the 4 knots were located at 1st, 3nd, 5th and 7th parity.  
 
2.3.1. Legendre polynomials functions 
Legendre polynomials were generated using the standardized parity (L), with range from -1 to +1, was 
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(Gengler et al., 1999):  
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2.3.2. Linear spline functions 
Linear splines were constructed by fitting a first degree polynomial between each pair of knots, first 
proposed by (Bohmanova et al., 2005). Linear spline coefficients were calculated as the interpolation coefficients 
between the two knots adjacent to the record and 0, among all other knots. Let P  be a vector of knots, then the co-
variables of linear splines for parity p  , located between knots iP  and 1iP  , are calculated as: 
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Records located at a knot i  co-variables are defined as 1iZ   , and 1.. 1, 2... 0i i qZ    . 
Vector  Z  had at two nonzero elements, and the sum of all elements of the vector = 1. 
 
2.4. Statistical Models 
The focus of this study was the application of the random regression model to the binary longitudinal sow 
survival trait using data from Landrace and Large White sows producing records in Thailand. The single -trait mixed 
animal model in matrix notation was as follows: 
y Xb Za Wp e     
where y  is the vector of observations measured in animals; b  is the vector of fixed effects including herd-year-
season of farrowing and a covariate for age at first farrowing (days); a  and p  are vectors of additive genetic and 
permanent environmental effects; X  , Z  , and W   are incidence matrixes of fixed, additive genetics and 
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      
  
where 
aK  and pK  are covariance matrices of the random regression coefficients for animal and permanent 
environmental effects, respectively. R  is the diagonal matrix of the form 2eI  , and 
2
e  is the residual variance. 
A  is the additive genetic relationship matrix, I  is the identity matrix, and   is the Kronecker product.  
The variance and covariance components were estimated using the THRGIBBS1F90 (Tsuruta and Misztal, 
2006) with a Bayesian interference, using Gibbs sampling. A single chain of 330,000 cycles was run with the first 
30,000 cycles used as the burn-in period. Of the following rounds, every 30th sample was collected. Posterior means 
were estimated using 10,000 samples. The posterior analysis of means were evaluated using POSTGIBBSF90 
(Misztal et al., 2002). 
 
2.5. Model selection criteria 
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  Comparisons among different models were compared using deviance information criterion (DIC), which is 
a commonly used statistical analysis for Bayesian model selection and model comparison. It combines both 
goodness of fit and complexity of the model. The DIC has been applied in the general Bayesian software Bugs as a 
standard criterion for comparison and selection in Bayesian model (Spiegelhalter et al., 2002). Moreover, the DIC 
has been used in genetic evaluations in animal breeding (Legarra et al., 2005). Deviance information criterion 
(Spiegelhalter et al., 2002), defined as follows: 
( ) DDIC D p    
where ( )D   is a measure of the fit of the model, Dp is a measures the complexity of the model 
(number of effective parameters). 
 
3. Results and discussion 
3.1. Phenotypic description of survival data 
Data description of sow survival and LPL are shown in Table 2. In the first parity, percentages of failure 
(culled or dead sows) were 11%, and 33% for LR, and LW sows, respectively. For the second parity, these 
percentages decreased to 8% and 6%, for LR, and LW sows, respectively. After sixth parity in productive life, 49% 
(LR), and 35% (LW) of the sows were still alive. This demonstrates that LR sows were more likely to survival to 
older parities when compared to LW sows especially when considering survival to second parity in this population. 
However, LR sows had a greater culling rate than LW sows at the eighth parity. The average LPL was slightly 
longer in LR sows (692 d) than in LW sows (646 d) for the culled sows in the data set (Table 1). In this study, a 
greater LPL for LR and LW sows was observed when compared to LR (493 d to 617 d) and LW sows (488 d to 602 
d) reported from previously published findings (Yazdi et al., 2000; Tarrés et al., 2006; Serenius et al., 2008 and 
Hoge and Bates, 2011). Contrastingly, Brandt et al. (1999) found that crossbred sows in Germany had the greatest 
LPL (880 d). This distinction may be due to the management and environment of herd. Additionally, LR sows had a 
AFF slightly shorter than LW sows (367 d versus 377 d). Likewise, selection for younger sows at first farrowing has 
been found to increase longevity traits (Knauer et al., 2010). In the present study, LR sows had longer sow survival 
and LPL than LW sows from the Thai commercial farm population. 
 
3.2. Models comparison 
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 The model comparison results are shown in Table 3. The lowest value of DIC corresponded to LG22, 
which was the best fit and the lowest complex model and was followed by SPL33. The DIC of the LG22 model was 
lower than the DIC of the second-ranking model (SPL33) for both the Landrace and Large White populations 
evaluated. The LG22 had the lowest number of parameters over the set of all models considered. This study showed 
that RRM with LG22 was more appropriate than LG23, LG33, LG34, SPL33 and SPL44 which showed that models 
are overparameterized. Based on the results from this study, RRM with second order Legendre polynomial for 
additive genetic effects and permanent environmental effects could be used when conducting a genetic evaluation 
for sow longevity. Moreover, order of Legendre polynomials for both additive genetic and permanent environmental 
effects greater than 2 do not fit well when characterizing sow survival curves. 
 
3.3. Heritability and variance component estimates 
The heritability estimates for sow survival from all models are shown in Figure 2. In this study, heritability 
for sow survival using RRM were low for both LR and LW sow populations. However, the heritability estimates for 
sow survival were slightly greater in LW sows compared with LR sows, which ranged from 0.10 to 0.13 and 0.11 to 
0.17 for LR and LW sows, respectively. Although, in swine, RRM has been used for genetic evaluation for growth 
traits, but there were on findings in the scientific literature where RRM has been used to evaluate sow survival traits. 
Hence, it is difficult to compare heritabilities for LPL obtained from linear and survival analyses. However, 
heritability estimates for sow survival were similar with LPL that were analyzed using survival models, were 
reported by Serenius and Stalder (2004), with values ranged from 0.16 to 0.17 and 0.17 to 0.19 for LR and LW 
sows, respectively. Models with Legendre polynomials functions, heritabilities estimates were the greatest at first 
parity and gradually decreasing second parity and continued to decrease to the point where the lowest heritability 
estimates were observed during fifth to seventh parity except LG33 which had a flatted U shape (highest variance at 
the beginning and at the end of the lifespan and persistent trend in the mid-lifespan) for LR breed. Whereas, LG22 
and LG33 in LW breed, heritabilities estimates was slightly increased at first parity to seventh parity. In contrast, 
models with linear spline functions, heritability estimates were slightly higher at first parity to sixth parity and then 
gradually decreased at seventh parity for both the LR and LW breeds. Although the heritabilitiy patterns for sow 
survival were slightly different between models (Figure 2), posterior means for sow survival heritabilities estimates 
were similar across models for both breeds (Table 5). Based on the best model (LG22) in this study, the present 
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findings indicate that additive genetic effects have a greater influence on sow survival in the sows early productive 
life than later period of productive life in the LR breed but differed between breeds. 
Posterior means of variance components of sow survival from Thai commercial farms are shown in Table 
4. The pattern of all models, additive genetic variances slightly increased from first parity until fourth and to sixth 
parity but then decreased in later parities (Figure 2). The smaller additive genetic variances at seventh parity were 
observed in all models after evaluating the data from both breeds. This problem may be caused by a small number of 
observations that were available in the last parity and the systematic effect of covariance function in RRM 
(Veerkamp et al., 1999). The models with LG22 and LG23 were gradually increased for first to fourth parity and 
then decreased from fifth to seventh parity. On the other hand, the additive genetic variances for LG33 and LG34 
models had the greatest additive variances at the fifth parity and then dramatically decreased. Whereas, the additive 
genetic variances for SPL33 and SPL34 models peaked at the sixth parity and then rapidly decline at the seventh 
parity. Although the additive genetic variance patterns were slightly different between breeds, the posterior means 
for the additive genetic variances were similar both the LR and LW breeds. Based on the best model (LG22), the 
results showed that LW sows had a greater genetic variation than LR sows. However, LR breed had a greater 
average culling parity when compared to LW breed in the present study (5.6 versus 5.2). 
The patterns for the posterior means of permanent environmental variances are shown in Figure 2. The 
results demonstrate that the pattern for models including Legendre polynomials functions was almost identical in 
shape for both breeds, and slightly increased from the first parity through the fourth parity and continued to the sixth 
parity and then decreased in the seventh parity. Whereas, the pattern for models where linear splines functions were 
included showed more fluctuation from fourth parity to last parity. Variances components for sow survival from 
SPL33 and SPL44 were greater along with the productive life compared to models with LG22, LG23, LG33 and 
LG34 for both the LR and LW breeds. The residual variances observed were similar and constant from the first to 
the seventh parity for both the LR and LW populations evaluated in the present study. 
Genetic correlations between adjacent parities along productive life followed the same trend in all models, 
i.e. moderate to high correlations at the beginning of productive life (first parity) and lower correlations at the end of 
productive life (seventh parity) for both breeds (Figure 3 and 4).  The genetic correlation among sow survival 
obtained with LG22 (the best fit model) ranged from 0.27 to 0.99, 0.43 to 0.99 for LR and LW sows, respectively.  
Results showed that the sow survival is genetically not the same trait during productive life because genetic 
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correlations differ from unity between parity in productive life (van Pelt et al., 2015). The model fitted by the LG22 
(second order Legendre polynomial for additive genetic effects and permanent environmental effects) presented 
estimates of the genetic parameters and residual variances, which was lowest DIC, so it can be used as an alternative 
model for fitting sow survival in Thailand commercial farms. 
 
4. Conclusion 
According to the results from this study, we conclude that RRM could be used when conducting a genetic 
evaluation for sow survival. It was found that the degree and type of covariance functions in RRM influenced 
heritability and variance component estimates. The model that included the second order Legendre polynomials for 
additive genetic effects and permanent environmental effects were appropriate for sow survival genetic evaluation in 
Thai Landrace and Large White breeds. Heritability for sow survival were low. We suggest that from a genetic view 
point sow survival is not the same trait during the entire sow’s productive life. 
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Table 1. Data and pedigree information for litter size and stayability traits 
 Landrace Large White 
Category1 N Mean SD Min Max N Mean SD Min Max 
Number of animals 11,595     11,336     
     Censored 1,718     3,604     
     Uncensored 9,877     7,732     
Number of records 85,496     74,920     
     Censored 6,480     13,064     
     Uncensored 79,016     61,856     
AFF (d) 11,595 367 26.0 289 442 11,336 380 27.5 304 438 
     Censored 1,718 390 23.6 289 442 3,604 392 23.6 325 437 
     Uncensored 9,877 365 25.3 311 437 7,732 373 26.9 304 438 
LPL (d) 9,877 692 380 1 1,418 7,732 646 382 1 1,447 
Culling parity 9,877 5.6 2.63 1 10 7,732 5.2 2.67 1 10 
1 Uncensored = Sows with known culling date; Censored = Sows still in herd at the 8th parity, on culling date; LPL 
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Table 2. Landrace and Large White sow survival percentages from Thai commercial pig farms participating in a 
longevity study. 
Breed Culling parity N % sow survival1 Culling % 
Landrace 0 9877 100% 0% 
 1 8751 89% 11% 
 2 7983 81% 8% 
 3 7270 74% 7% 
 4 6546 66% 7% 
 5 5801 59% 8% 
 6 4876 49% 9% 
 7 3281 33% 16% 
 8 796 8% 25% 
Large White 0 7732 100% 0% 
 1 6665 67% 33% 
 2 6043 61% 6% 
 3 5360 54% 7% 
 4 4721 48% 6% 
 5 4059 41% 7% 
 6 3412 35% 7% 
 7 2332 24% 11% 
 8 515 5% 18% 
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Table 3. Number of random regression coefficients for the additive genetic and permanent environmental effects, 
position of knots, deviance information criterion and rank of models (Rank) by DIC when evaluating sow longevity 
from Thai commercial farms. 
Breed Model1  
ak   pk   pk    DIC  Rank 
Landrace LG22 2 2 - 201905.72 1 
 LG23 2 3 - 214372.50 4 
 LG33 3 3 - 214937.23 5 
 LG34 3 4 - 230292.51 6 
 SPL33 3 3 1, 4, 7 210969.86 2 
 SPL44 4 4 1, 3, 5, 7 213048.15 3 
Large White LG22 2 2 - 182815.77 1 
 LG23 2 3 - 191359.45 4 
 LG33 3 3 - 189673.37 3 
 LG34 3 4 - 201268.39 6 
 SPL33 3 3 1, 4, 7 186377.64 2 
 SPL44 4 4 1, 3, 5, 7 191660.90 5 
1LGij = model with Legendre polynomials function, i and j correspond to the order of the regression coefficients for 
additive genetic and permanent environmental effects, respectively; SPL33 = model with spline 4 knot were located 
at 1, 4, 7 of parity; SPL44 = model with linear spline 4 knot were located at 1, 3, 5 and 7 of parity; 
ak  = Number of 
random regression coefficients for the additive genetic; pk  = Number of random regression coefficients for the 
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2 . .h S E  
Landrace LG22 2.75 17.30 0.89 20.94 0.13 0.02 
 LG23 2.57 21.47 0.85 24.89 0.10 0.01 
 LG33 3.28 20.92 0.85 25.05 0.13 0.01 
 LG34 2.77 24.77 0.83 28.37 0.10 0.01 
 SPL33 3.19 23.00 0.84 27.03 0.12 0.02 
 SPL44 3.34 22.61 0.82 26.77 0.13 0.02 
Large White LG22 3.20 14.67 0.88 18.76 0.17 0.02 
 LG23 2.52 18.36 0.85 21.72 0.12 0.01 
 LG33 3.54 17.63 0.85 22.01 0.16 0.01 
 LG34 2.71 21.13 0.83 24.66 0.11 0.01 
 SPL33 3.68 19.40 0.82 23.90 0.16 0.02 
 SPL44 3.58 18.86 0.82 23.26 0.15 0.03 
1LGij = model with Legendre polynomials function, i and j correspond to the order of the regression coefficients for 
additive genetic and permanent environmental effects, respectively; SPL33 = model with spline 4 knot were located 
at 1, 4, 7 of parity; SPL44 = model with linear spline 4 knot were located at 1, 3, 5 and 7 of parity; 
2
a  : direct 
genetic variance; 
2
pe  : permanent environment variance; 
2
e  : error variance; 
2
p  : phenotypic variance; 
2h  : 
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Table 5. Posterior means of heritability (h2) estimates of sow survival sow longevity from Thai commercial farms 
using random regression models. 
  Heritability (h2) 
Breed Model1 Parity 1 Parity 2 Parity 3 Parity 4 Parity 5 Parity 6 Parity 7 
Average 
all parity 
Landrace LG22 0.15 0.13 0.13 0.13 0.13 0.13 0.12 0.13 
 LG23 0.15 0.12 0.12 0.12 0.10 0.07 0.05 0.10 
 LG33 0.15 0.13 0.12 0.12 0.13 0.14 0.14 0.13 
 LG34 0.14 0.10 0.11 0.11 0.10 0.08 0.06 0.10 
 SPL33 0.11 0.11 0.11 0.11 0.12 0.14 0.13 0.12 
 SPL44 0.12 0.12 0.11 0.12 0.12 0.14 0.13 0.13 
Large White LG22 0.14 0.16 0.17 0.18 0.18 0.18 0.17 0.17 
 LG23 0.15 0.14 0.14 0.14 0.11 0.08 0.06 0.12 
 LG33 0.12 0.14 0.15 0.16 0.17 0.17 0.17 0.16 
 LG34 0.11 0.10 0.12 0.13 0.12 0.10 0.07 0.11 
 SPL33 0.13 0.13 0.13 0.15 0.17 0.19 0.18 0.16 
 SPL44 0.13 0.13 0.14 0.14 0.16 0.19 0.18 0.15 
1LGij = model with Legendre polynomials function, i and j correspond to the order of the regression coefficients for 
additive genetic and permanent environmental effects, respectively; SPL33 = model with spline 4 knot were located 

















         
